We propose that fund performance can be predicted by its R 2 , obtained by regressing its return on the multi-factor benchmark model. Lower R 2 measures selectivity or active management. We find that lagged R 2 has significant negative predictive coefficient in predicting alpha or Information Ratio. Funds ranked into lowest-quintile lagged R 2 and highest-quintile alpha produce significant alpha of 2.5%. Across funds, R 2 is positively related to the fund's size and negatively related to its manager's tenure and its past performance, as well as being negatively related to its expenses. We also find that for funds that hold corporate bonds, R 2 from a benchmark model that includes bond factors predicts fund performance in the same way that it does for stock funds.
Introduction
Fama (1972) suggests that a portfolio's overall performance in excess of the betaadjusted return on a benchmark (or naïve) portfolio is due to selectivity, which "measures how well the chosen portfolio did relative to a naively selected portfolio with the same level of risk" (Fama, 1972, p. 557) . Recent studies show that fund performance is positively affected by fund selectivity or active management, measured by the deviation of funds holdings from some diversified benchmark portfolio (see review below). The problem is that this measure of selectivity requires knowledge of the portfolio composition of all mutual funds and of their benchmark indexes, which is hard for many investors to obtain and calculate. It also hard to measure selectivity when the benchmark portfolio is not well-defined, that is, when funds opt to outperform some combination of benchmark indexes.
We propose a simple and intuitive measure of mutual fund selectivity: the fund's R 2 , the proportion of the return variance that is explained by benchmark portfolios, estimated from a multi-factor regression model of its return. R 2 measures diversification and 1-R 2 measures the weight (relative to the fund's variance) of idiosyncratic risk, thus measuring the fund's selectivity. If R 2 is smaller than 1, the fund tracks less closely the benchmark portfolios and thus shows greater selectivity. If selectivity enhances mutual fund performance, R 2 should negatively predict the fund's performance.
Indeed we find that R 2 has a negative and significant predictive effect on fund performance. We use two conventional measures of performance: the intercept alpha from a multi-factor regression model, and the Information Ratio, which is alpha scaled by the idiosyncratic (regression residual) risk. We also identify an R 2 -based strategy that earns significantly positive average excess return (factor-adjusted): at the beginning of each half-year, select funds whose lagged R 2 is in the lowest quintile and whose alpha is in the highest quintile. These funds generate a significant alpha of 2.457% or 2.693% per year depending on benchmark model specification.
Our results are robust to the factor model that is used as benchmark. We use the standard Fama-French (1993) and Carhart (1997) four-factor model, augmented by the returns on the Russell 2000 index, and the Cremers-Petajisto-Zitzewitz (2010) four-factor model that uses market indexes. All our estimates of R 2 and alpha use both these benchmark models and our results are similar for both. This flexibility and versatility in the benchmark model is a valuable property of R 2 as a measure of selectivity.
1
The versatility of our methodology is demonstrated for mutual funds that hold corporate bonds as well as stocks. Here, we use benchmark factor models that include both stock factors and bond factors. We show that the R 2 from these models predicts fund performance in the same way that it does for stock funds.
Studies on fund selectivity use fund holdings data. Brand, Brown and Gallagher (2005) and show that a fund active management -the divergence of its portfolio composition (the portfolio weights of the stocks that it holds) from the composition of the fund's benchmark index -enhances fund performance.
Earlier, Daniel, Grinblatt, Titman and Wermers (1997) show that stocks picked by mutual funds outperform a characteristic-based benchmark. However, the gain from stock picking approximately equals the funds' average management fee. Kacperczyk, Sialm and Zheng (2005) find that funds exhibit better performance if they have greater industry concentration of holdings compared to the weights of these industries in a diversified portfolio, and Kacperczyk and Seru (2007) find that funds whose stocks holdings are related to company-specific information different from analysts' expectations exhibit better performance.
Our analysis does not require fund holdings data or benchmark index composition.
We use only fund and benchmark index returns, which are easily accessible, and our measure of fund's strategy -its R 2 -can be calculated easily.
Recent studies of hedge fund performance use R 2 as a measure of fund strategy and find, as we do, that lower R 2 predicts better fund performance; see Wang and Zheng (2008) and Titman and Tiu (2008) . The latter paper suggests that choosing smaller exposure to factor risk reflects hedge funds managers' confidence in their ability.
However, studies that use hedge fund returns suffer from reporting biases resulting from self reporting and incomplete data on holdings (see Agarwal, Fos and Jiang (2010) ).
We proceed as follows. Section 2 presents the fund performance measures that we use and their estimation procedure, and then it presents the performance predictors that 1 We also do our estimates for the six Fama-French portfolios (2x3) classified by size (small and big) and value, neutral or growth, plus Carhart's momentum factor and the seven-factor model proposed by Cremers et al. (2010) . Our results remain qualitatively unchanged.
we use, R 2 and its components, the residual mean-squared error and the return standard deviation. Section 3 describes data and sample selection procedure. Section 4 presents the results on the prediction of next-year fund performance, employing two performance measures -alpha and InfRatio -and various predictive methods. We also explain why the predictive power of our measures is weaker in early period and stronger in more recent periods. In Section 5 we show how using information about past fund performance and R 2 enables to choose a portfolio of funds which produces significant positive performance in the following year. In Section 6 we present estimation of the association between fund characteristics and our performance predictor R 2 . Section 7 presents results for funds that hold corporate bonds. Concluding remarks are in Section 7.
Performance measures and performance predictors

Performance measures
Our study employs two models of benchmark portfolios. The first model consists of the Fama-French (1993) and Carhart (1997) factor-mimicking portfolios which produce the following return vectors: RM-Rf (the market portfolio excess return), SMB (small minus big size stocks), HML (high minus low book-to-market ratio stocks) and UMD (winner minus loser stocks). To this we add, following Cremers et all. (2009) , the daily excess return on the Russell 2000 index which has a significant alpha (-2.059% per year with t = 3.41) when regressing it on the Fama-French-Carhart four factors for our sample period, 1989 to 2007 (using current and lagged returns). Carhart factors returns (current and one-day lag). 3 We thus have a five-factor model, denoted as FFCR (Fama-French-Carhart-Russell 2000) .
The second model of benchmark portfolios is the Cremers-Petajisto-Zitzewitz's (2010) three-index model: the excess return on the S&P500 index, the return on the Russell 2000 index minus the return on the S&P500 index and the return on the Russell 3000 value index minus Russell 3000 growth index. To this they add Carhart's momentum factor. We denote this four-factor model by CPZC. This model is also used for mutual fund performance evaluation by Da et al. (2009) .
We employ two standard measures of fund performance. The first is the intercept alpha j from a regression of the excess daily fund-j return on the daily factor returns, using either the FFCR model or the CPZC benchmark model.
The second performance measure is the Information Ratio or the Appraisal Ratio, which measures the fund's excess performance relative to its idiosyncratic risk:
RMSE j is the squared root of the mean squared errors (residuals) obtained from the regression model that we use to estimate alpha j . Treynor and Black (1973) , who introduce the Appraisal Ratio in the context of the single-index (CAPM) model, show that considering an asset j as part of an optimal portfolio, the fraction of the investor's capital devoted to the jth asset is proportional to InfRatio/RMSE (see Trynor and Black (1973) , p. 71). If we evaluate a mutual fund as an active investment component in an efficient portfolio rather than a sole repository of the investor's wealth, Bodie, Kane and Markus (2009, pp. 262-263) show that the larger is the InfRatio of a fund, the greater is the demand for the fund. Treynor and Black (1973) Brands, Brown and Gallagher (2005) and by Kacperczyk, Sialm and Zheng (2005) .
The use of Information Ratio also helps mitigate the survivorship bias in studies of persistence in mutual funds performance. Brown, Goetzmann, Ibbotson and Ross (1992) note that choosing a risky strategy may result in high alpha but it also increases the probability of failure. Because we observe the survivors, the apparent pattern is that of persistence of high performance and ex post, superior alphas are positively related to idiosyncratic risk. Therefore, scaling alpha by the fund idiosyncratic risk reduces the survivorship bias. 4 The Information Ratio, which scales the abnormal fund performance by the volatility of the abnormal fund returns, mitigates this bias.
From the regression of the fund return on the benchmark indexes we also obtain R 2 j , which we propose as a predictor of the fund's performance. By definition
where SystematicRisk 2 is the variance of return which is due to the benchmark indexes.
We propose that 1-R 2 is a measure of selectivity: a fund with greater RMSE relative to its total variance, or with a smaller index-based (systematic) risk, has greater selectivity.
Studies on the effect of RMSE-related measures on fund performance show inconclusive results. Wermers (2003) find that performance is better in funds with higher volatility of the S&P500-adjusted fund returns, which he uses as a measure of active management or selectivity, whereas find that the fund's standard deviation of return relative to its specific benchmark index ("tracking error") does not predict performance. Our measure of fund selectivity, 1-R 2 , is a multiple factor-based RMSE relative to the adherence of the fund's return to these factors.
In what follows, we estimate for each fund the two performance measures, alpha
and InfRatio, and the fund's R 2 . We then test whether R 2 predicts fund performance, controlling for other fund characteristics. The main results are presented for both the FFCR factors and the CPZC factor models.
Data and Sample Selection
We Table 1 , Panel A). The values using the CPZC four-factor benchmark model are nearly the same.
INSERT TABLE 1
The distribution of R 2 is negatively skewed, with its mass being in the high values of R 2 , close to 1.0 which is its upper limit. We therefore apply to R 2 a logistic transformation 9 Our requirement for a relatively short period in the test period reduces the extent of survivorship problem. Cremers and Petajisto (2008) require 125 days in the test period (the second year of a two-year pair). 10 However, Cremers et al. (2010, p. 36) find that the estimation of daily fund performance is not harmed by the use of daily fund returns: "Stale prices would undoubtedly be more important for individual stocks, but mutual funds hold broad portfolios of stocks, so the average staleness in fund return is likely to be close to the average staleness in benchmark index return." 11 Our results are qualitatively similar if we winsorize the data instead. 12 Expense ratio is the fraction of total investment that shareholders pay for the fund's operating expenses, which include 12b-1 fees. Expense ratio may include waivers and reimbursements, causing it to appear to be less then the fund management fee.
Fund Age in logarithm, computed as the difference in years between current date and the date the fund was first offered; and Manager Tenure in logarithm, the difference in years between the current date and the date when the current manager took control. 13 An important predictor of future performance is lagged alpha or InfRatio which may reflect managerial skill and strategy and is known to be a significant predictor of performance (see and Gruber (1996) . Statistics of these variables are presented in Table 1 .
The correlation the control variables is presented in Table 9 .
Fund Performance prediction in cross-sectional regressions
We now test whether R 2 predicts fund performance by regressing the fund's Performance j,t -either alpha j,t or InfRatio j,t -estimated in the test period t, on its TR 2 j,t-1 (logistic transformation of R 2 ) from the preceding estimation period. The control variables include fund characteristics that are known at the beginning of the test period, the fund's lagged performance and nine style dummy variables. The cross-section estimation employs the Fama-Macbeth method, following Carhart (1997) and Chen, Hong, Huang and Kubik (2004) . The estimated model is
Performance is either alpha or InfRatio. Our hypothesis is that γ < 0. That is, fund performance is higher if the fund's R 2 is lower, which means that the fund shows greater selectivity in its investment. We estimate the coefficients γ ,t , δ mt and λ nt (m=1, 2, … 7, n = 1, 2, … 9) using both annual frequency (18 years) and semi-annual frequency (36 half years) over the period 1990-2007.
INSERT TABLE 2
The results In Table 2 Show that R 2 is a significant predictor of alpha and InfRatio.
Consistent with out hypothesis, we obtain γ < 0 for both annual and semi-annual frequency and for both sets of benchmark factors, FFCR and CPZC. Consider first the alpha model for the benchmark model FFCR. The mean γ is -0.586 (t = 2.38) in the annual frequency (column (1)) and -0.596 (t = 3.55) in the semi-annual frequency (column (5)). The proportion of negative coefficients is 14/18 for the annual regressions and 27/36 for the semi-annual regressions, significantly rejecting the null hypothesis that this result is obtained by chance (a proportion of 1/2).
For the CPZC benchmark model, TR 2 has stronger predictive power for alpha both economically and statistically. The mean γ is -1.003 (t = 3.49) for the annual frequency and -1.042 (t = 5.56) for the semi-annual frequency, and the proportion of negative coefficients is 17/18 for the annual model and 30/36 for the semi-annual model, significantly different from ½ which is the chance result. (In all cases, our tests show that the estimated coefficients γ t is not serially correlated.)
In the InfRatio equations, the coefficient γ of TR 2 is more statistically significant than it is in the alpha equations. It has higher t-statistic and has greater proportion of negative coefficients in both annual and semi-annual estimation frequencies and for both the FFCR and the CPZC models. In conclusion, the evidence shows that a fund's R 2 is a significant predictor of the fund performance.
Our analysis employs TR 2 , a logistic transformation of R 2 whose distribution is bounded between 0 and 1 and is negatively skewed. Using instead the untransformed R 2 , its effect on fund performance remains negative and significant. For the semi-annual FFCR model, the mean coefficient of R 2 is -4.98 with t = 3.23, highly significant. The proportion of negative coefficients, 26/36, is significantly different from ½ at better than the 0.01 level. For the CPZC benchmark model, the coefficient of R 2 is -8.75 with t = 4.65 and a proportion of 27/36 of negative coefficients, significantly different from ½ at the 0.01 level.
The economic meaning of our estimations is illustrated as follows. The estimated coefficient of R 2 is -8.75 (estimated in the semi-annual CPZC-benchmark model). This means, for example, that lowering R 2 from 0.9 (which is the mean) to 0.8 raises the fund's annualized alpha by 0.875%. For comparison, using the results from the same model that employs TR 2 where the slope coefficient is -1.042, a decline in R 2 from 0.9 to 0.8 would raise the annualized alpha by 0.814%, which is quite close.
Among the control variables, two are statistically significant: Expenses, with a negative and significant coefficient, and lagged alpha or lagged InfRatio, with a positive and significant coefficient. Both these effects are observed by Gruber (1996) . Fund size, which is sometimes observed to have negative effect on performance (see Chen et al., 2004 ) is insignificant.
Robustness test I: weekly returns
So far we employed daily returns to calculate R 2 and alpha, regressing the funds' daily returns on the current and one-day lag of the benchmark factors, following Dimson (1979) . If this procedure does not fully account for lagged adjustment of daily stock prices, we replicate our analysis using weekly returns. The estimation is annual and we require that a fund has at least 40 weeks in the estimation period and 20 weeks in the test period. The estimated alpha is annualized and in percent (multiplied by 5200).
INSERT TABLE 3 HERE
The results in Table 3 are consistent with those obtained from daily data, both in terms of the magnitude of the coefficients and their statistical significance. In the regression of the annual alpha on lagged TR 2 , the mean γ 1 for the FFCR model is -0.586 (t = 2.82), the same as the coefficient obtained from daily data (Table 2) . For the CPZC model, the mean γ 1 is -0.981 (t = 3.18), very close to the coefficients -1.003 from the daily return model. Also, the proportion of negative coefficients is significantly higher than the chance result at the 0.05 level.
Robustness test II: Alternative benchmark factors and alternative estimation method
We replicate our analysis using an alternative benchmark index model, proposed by (3) and re-estimate the model. Because AS too is bounded between 0 and 1 and its distribution is negatively skewed, we apply the same transformation as we do for R 2 . We define TAS = log(AS/(1-AS)), and as we do with R 2 , we censor the upper and lower 1% tails of AS to remove outliers.
INSERT TABLE 4
The regression results, presented in Table 4 , show that both R 2 and AS predict fund performance with the correct signs. The coefficient of TR 2 is negative and that of TAS is positive, both being statistically significant except in the case of the alpha model with weekly observations, were the coefficient of TAS is significant at the 0.13 level. (The median coefficient of R 2 is even more negative than the mean, while the median of AS is less positive than the mean.) We conclude that R 2 , our measure of selectivity, provides significant contribution, in addition to that provided by AS, to the prediction of mutual fund performance. 
Robustness Test
INSERT TABLE 5
The results in Table 5 show that the coefficient of TR 2 is positive, quite the opposite of its sign in the analysis of actively-managed mutual funds. 
where t(γ t ) is the t-statistic of γ t , the coefficients of TR 2 j,t-1 from the Fama-Macbeth crosssection regression of Model (3) for period t. Thus, t(γ t ) is the coefficient γ t standardized by its estimated standard error. We expect that in periods when R 2 is more persistent over time, lagged TR 2 better predicts performance in the subsequent period. Because the predictive effect of TR 2 is reflected in a negative coefficient, we expect that higher ρ(R 2 ) t is associated with a more negative t(γ t ), implying b1 < 0. The regression has 36 half-year periods over 1990-2007.
INSERT TABLE 6
The results in Table 6 are consistent with our hypothesis. We obtain that b 1 < 0 for both alpha and InfRatio as measures of performance, and for both FFCR and CPZC as benchmark models. That is, R 2 predicts performance better when mutual funds' strategy was more persistent in terms of selectivity.
Next, we explore why the persistence of funds' R 2 changes over time. We do a time series regression of ρ(R 2 ) t on SDM t , the standard deviation of the CRSP equallyweighted daily return during the half-year period t (measuring market volatility), and RD t , the residual return dispersion during the half-year period, calculated as the cross- 16 This is reflected in both a decline in the funds' R 2 and in persistence in strategy. These results suggest that funds vary the extent of selectivity in their strategy according to market conditions.
Fund portfolios alpha based on sorting by lagged R 2 and alpha
Our analysis has shown that fund performance can be predicted by the fund lagged R 2 and lagged alpha. We now examine a strategy that exploits this result as follows. At the beginning of each half-year period t, we sort funds into five portfolios by their R 2 in the preceding half-year period t-1 and then sort the funds in each R 2 -quintile into five portfolios by their alpha in t-1. This sorting generates 25 (5x5) portfolios with equal number of funds in each. Both R 2 and alpha are calculated from daily returns using the same models that are used in Section 4 above. The included funds have at least 120 days in period t-1, they have TNA t-1 > 15, they invest at least 80% of their assets in common stocks, and they have a defined style and a name on CRSP. As before, we eliminate index funds by deleting those whose name includes the word "index" or the 16 The time-series relation between the average fund alpha and both SDM and RD is quite insignificant.
abbreviation "ind" or a name of a recognized index. Because we do not use data on other funds characteristics as we did in the cross-section regressions, we do not require the availability of these data, nor do we censor the distribution of R 2 . And, we do not require a minimum number of observations (returns) for any fund in the test period t, thus there is no survivorship bias problem. As a result, more funds are included and we use their data over a longer period of time than before. Our sample now consists on 33,146 fundperiods (a period is half-year) for 2,465 different funds, which is about 15% larger than the sample that we use for the cross-section regressions in Section 4.
For the test period (following the portfolio formation), we calculate the average weekly returns for the funds in each portfolio (equally-weighted). Finally, we do a single regression for each of the 25 portfolios over the entire 18-year period. The regression is of the weekly portfolio return on the weekly returns of the benchmark portfolios, using the FFCR or CPZC benchmark models.
INSERT TABLE 7
The alpha coefficients of the 25 portfolios and their t-statistics are presented in Table   7 . In both Panel A (FFCR model) and Panel B (CPZC model), investing in funds in the lowest-quintile R 2 t-1 and highest-quintile alpha t-1 -those with the greatest selectivity and best past performance -generates positive and significant alpha in the subsequent period.
For the FFCR model, the annualized alpha t is 2.46% (t = 2.39) and for the CPZC model, alpha t = 2.69% (t = 2.37). For the CPZC model, there are more portfolios that produce positive and significant alpha: the lowest-quintile R 2 t-1 portfolio for the next-to-highest alpha t-1 quintile has alpha t = 1.957% (t = 2.37) and two other low-R 2 t-1 portfolios for the highest-alpha quintile produce positive and significant alpha.
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The rightmost column of each table presents alpha t of the low-minus-high-R 2 t-1
portfolio. While this strategy is infeasible (because open-end funds cannot be shorted), it
indicates the effect of R 2 on fund performance. We obtain that alpha t of the low-minushigh-R 2 t-1 portfolio is positive for all alpha t-1 quintiles, with statistical significance for the higher alpha t-1 quintiles. This significance is higher for the CPZC model: alpha t of the 17 The results are similar when using daily or monthly returns. For example, for monthly returns and the FFCR model, annualized alpha is 3.03% with t = 2.71. low-minus-high-R 2 t-1 portfolio is significant at the 0.05 level for the highest three alpha t-1 quintiles and it is significant at the 0.10 for the second lowest alpha t-1 quintile.
We estimate the same strategy using the funds gross returns, which reflect the skill of the fund managers in beating the benchmark portfolios before subtracting expenses. The results in Table 8 exhibit the same pattern as that for net returns in Table 7 , and alpha t obtained from applying low R 2 t-1 -high alpha t-1 strategy is greater and more statistically significant than it is for net returns. This is consistent with the fact that low R 2 funds, which produce higher alpha t , also have higher expenses (see Table 1 ). Thus, once we ignore expenses, the performance of low-R 2 is even better. Interestingly, it could be argued that the lower performance of high-R 2 funds is because these are effectively index funds disguised as active funds and thus charge high expenses. If this were the case, then when using gross returns, alpha t of the highest R 2 funds should be zero. This is indeed the case except for the lowest-alpha t-1 quintile of funds. There, for both benchmark models, alpha t is significantly negative. This suggests that these funds are badly managed even though they are effectively indexers, and they lose money relative to the relevant indexes even before expenses. It is also possible that for these funds, actual expenses exceed the stated expenses.
INSERT TABLE 8
The determinants of funds' R 2
Funds choose a strategy, such as the extent of selectivity that we measure by R 2 , which subsequently affects its performance. We know that this strategy is reasonably persistent, as reflected in the correlation ρ(R
), which averages 0.563 for the 36 half-year periods that we study. We now examine the fund characteristics that are systematically associated with the fund's R 2 . We regress TR 2 on lagged fund characteristics -those used in Model (3) -employing the Fama-Macbeth method, for both the FFCR and the CPZC benchmarks.
INSERT TABLE 9
The results in Table 9 show that a fund's R 2 is not a random number but it is rather systematically associated with some fund characteristics. (2010)). Here, it means that smaller funds employ less benchmark-based and more idiosyncratic policy, producing a positive TNA-R 2 relation, which naturally weakens as the fund size grows.
Expenses have negative and highly significant coefficient, suggesting that funds with greater selectivity (lower R 2 ) and thus may incur higher expenses also charge a higher expense ratio. The negative Expenses-R 2 relation can also imply a greater willingness of investors to pay for more active management because it is harder for them to replicate the strategy of such funds, and because such funds have superior performance.
Fund Turnover has insignificant coefficient, suggesting that selectivity and active management is not reflected in higher turnover but rather in the selection of stocks that differ from the benchmarks, consistent with .
Funds with higher Fund Age have lower R 2 (though this not always significant), which suggests that funds longevity is enhanced by employing a strategy of greater selectivity (lower R 2 ), which has been shown to produce better performance.
Managerial Tenure has a negative and highly significant coefficient, consistent with Chevalier and Ellison's (1999, p. 391) 1981) . RM is the value-weighted CRSP market return, and both regressions include the one-day lagged variables. A positive coefficient on the added variables implies that the fund engages in market timing, which should lead to lower fund's R 2 that is estimated from the original model with constant betas and without the added market-timing variables.
We add to the model of Table 10 presents the estimation results.
INSERT TABLE 10 The mean value of γ t , the coefficient of TR 2 t-1 , is -0.834 with t = 3.74, highly significant. The median γ t is -1.014, and 12 out of the 14 estimated coefficients are negative, significantly different from a chance result of 7/14. In addition, the coefficients of Expenses t-1 and alpha t-1 are, respectively, negative and positive with statistical significance, while the coefficients of the other variables are statistically insignificant. This is similar to the results for stock funds. We re-estimate the model, replacing TR With InfRatio as the fund performance measure, we obtain that the mean value of γ t is -0.014 with t = 2.08, which is marginally significant. The median γ t is -0.012, and 11 out of the 14 estimated coefficients are negative, significant at the 0.05 level. Again replacing TR 2 t-1 by the untransformed R 2 t-1 , we obtain that the mean (median) coefficient is -0.064 (-0.067) with t = 2.10.
It is noteworthy that the estimated coefficient γ t of TR 2 t-1 for these bond funds is close in magnitude to that of stock funds. The mean coefficient γ t in the bond alpha model is -0.834, which is the middle of the range of respective estimate for stock funds, -0.596 and -1.042 for the FFCR and CPZ4 models, respectively. In the InfRatio model, the mean coefficient γ t for bond funds, -0.014, is also within the range -0.010 and -0.013 for the two stock funds models.
As a robustness check, we use the four-factor benchmark model of Elton et al. index) and on the aggregate bond market and two spread factors, DEF and OPTION. The latter is defined as the return spread between the Barclays GNMA index and the Barclays Government Intermediate index. Their four-factor return model has a lower average R 2 than our six-factor model. We re-do all our estimations using this four factor model. The results are similar in terms of the sign and significance of the effect of lagged R 2 on fund alpha. In particular, in estimating Model (3), the mean coefficient of TR 2 t-1 is -0.769 with t = 2.95. For performance measured by InfRatio, the mean coefficient of TR 2 t-1 is -0.015 with t = 2.14. The results suggest that lagged R 2 is a significant predictor of fund performance also when using as a benchmark model the factor model of Elton et al.
(1995).
Conclusions
We propose an intuitive and convenient measure of mutual fund selectivity or active management: the R 2 from a regression of fund return on the Fama-French (1993) and Carhart (1997) factors. We find that the fund R 2 , estimated from a multi-factor model, predicts the following period's fund performance, measured either by the fund's alpha or by its Information Ratio (InfRatio), which is the fund alpha scaled by the regression's RMSE. The predictive coefficient of R 2 is negative and highly significant.
That is, lower R 2 or greater fund selectivity predicts better fund performance. This is obtained after controlling for commonly-used fund characteristics and past fund performance. The results hold for both annual and semi-annual frequency and using both daily and weekly returns.
Our analysis is shown to be robust to the indexes used. We estimate our model using a number of benchmark multi-factor models and find throughout that R 2 has a negative and highly significant coefficient in regressions predicting next period alpha or
InfRatio.
We are able to identify a portfolio of funds that produces positive and significant alpha. At the end of each period, we sort the funds by their estimated R 2 and by alpha and divide them into 25 (5x5) portfolios. We next regress the time series weekly return of each portfolio on the two major benchmark portfolios that we use and find that the lowest-R 2 and highest-alpha portfolio of funds generates a positive and significant annualized alpha of about 2.5%.
Fund R 2 is negatively related to another measure of active fund management and selectivity developed by , called Active Share, the sum of absolute differences between the portfolio holdings of the fund and its benchmark portfolio. When including Active Shares in the model that predicts performance, the predictive effect of R 2 remains negative and highly significant. R 2 is related to identifiable fund characteristics. It is negatively related to expenses and manager tenure. Also, funds with higher past alpha have subsequently lower R 2 .
Our method of predicting fund performance by its lagged R 2 holds also for mutual funds that hold corporate bonds. Replicating for such funds our analysis that has been done for stock mutual funds shows that the predictive effect of R 2 is similar Altogether, this study offers a new convenient way to predict mutual fund performance using only their return data.
Table 1. Summary Statistics
The table presents summary statistics on actively managed equity mutual funds included in our sample. R 2 is obtained from the regression of daily funds returns on FFCR or CPZC factor daily returns and their one-day lagged values over a year, and TR 2 = log(√R 2 /(1-√R 2 )) computed for each benchmark specification. The Total Net Assets (TNA) in $mm, Expenses and Turnover are as of the end of the year. Age is fund age, the number of years since the fund was first offered. Tenure is the tenure of the manager, the number of years since the current manager took control. Panel B presents the correlation matrix between fund characteristic variables. The cross-sectional correlations are computed by year and then average across 18 years. The significance of correlations is evaluated using Swinscow (1997, Ch.11) Table 2 , using daily data with semi-annual frequency of estimation. The model is the same as in Table 2 , with the addition of Active Share (AS, due to , the sum of absolute deviations of the fund's stock holdings (weights) from those of its benchmark portfolio. The benchmark indexes are CPZC (Cremers et al. (2010) 2 ) ), where R 2 is obtained from the semi-annual regression of daily fund excess returns on FFCR or CPZC factors their lagged values. All independent variables are as of the end of the previous half-year. The performance measure alpha is the intercept from the above regressions. The Total Net Assets (TNA) in $mm, Expenses and Turnover are as of the end of the half-year. Age is fund age, the number of years since the fund was first offered. Tenure is the tenure of the manager, the number of years since the current manager took control. Each regression also includes 9 style dummy variables. The numbers presented are the means of the coefficients and the Fama-MacBeth tstatistics are in parentheses with the corresponding p-values in the square brackets. The sample period is from 1/1990 to 12/2007. 
Variables lagged half-year
